Overnutrition increases the risk of diabetes. Evidence on the causal impact of overnutrition on diabetes is scarce for India. Considering a representative sample from India, this study examines the causal effect of a rise in the Body Mass Index (BMI) of an individual on the likelihood of being diabetic while addressing the issue of unobserved endogeneity between overnutrition and diabetes.
Introduction
The rise in diabetes prevalence during the past decade has begun to pose a new challenge to the health policy makers in India. In 2017, about 72 million people (8.8% of the total population having age 18 years or above) and 20% of the urban population was diabetic in India (International Diabetes Federation (IDF)) [1] . According to Diabetes Foundation of India, people suffering from diabetes are likely to go up to 80 million by 2025, making India the 'Diabetes Capital' of the world [2] . Analysing National Family Health Survey (NFHS) [3] data for the increase in the diabetes prevalence in India over a ten-year period (2005 to 2015), we find that diabetes prevalence has doubled in both rural as well as urban areas and there has been a considerable increase in almost every state.
Overnutrition has been found to be a major risk factor for a number of diseases such as diabetes, hypertension, heart diseases, certain type of cancers, etc. [4, 5, 6] . Overnutrition is one of the potential factors that may generate insulin resistance, which in turn may increase the sugar or glucose content in the blood leading to diabetes [7] . Using a prospective cohort study on women in the United States, Colditz et al. [5] find that the risk of diabetes is increasing in Body Mass Index (BMI). The study by Huffman et al. [4] finds similar results among married women in Delhi, India. Other factors that may lead to diabetes include smoking, alcohol consumption, high sugar intake, genetic predisposition, etc. [8, 9, 10] .
India is going through a nutritional transition brought about by a rapid emergence of overnutrition. The rising overnutrition may have a relationship with the growing diabetes problem in India. Overnutrition is associated with the increased risk of mortality and co-morbidities [11, 12] . Asian population faces this risk even at lower BMI values. The risk of chronic conditions is higher among Asian population due to increased susceptibility towards non-communicable diseases (NCDs) even at lower BMI levels as compared to the population in the European countries and the United States [13, 14, 15] .
Many studies including Gray et al. [13] and Sepp et al. [16] have estimated the relationship between overnutrition and NCDs for European countries. These studies are based on small sample sizes and the results may not be representative for the entire population. Further, much of the evidence on the link between overnutrition and NCDs comes from the high-income countries [17, 18, 19] . The findings from these studies cannot be extrapolated for the Indian population due to regional differences in the body types and distribution of body fat. South Asian population is found to have a higher abdominal obesity as compared to the population in the European regions, therefore, the susceptibility towards certain types of diseases, such as diabetes, may vary across these regions even if the BMI values are comparable) [20, 15] .
The evidence on the effect of BMI on diabetes for Indian population is limited. Huffman et al. [4] consider a cohort sample of 1100 women in South Delhi and show that an increase in BMI has a statistically significant impact on diabetes among married women in Delhi, India. The study by Ramachandran et al. [21] finds a positive association between diabetes and BMI for the urban population across six cities in India using the National Urban Diabetes Survey. None of the studies, however, has considered WHO Asian BMI classification, which defines an individual having BMI � 23 kg/m 2 as overweight or obese, to examine the effect of overnutrition on diabetes in India.
The objective of this study is to examine the effect of overnutrition on diabetes in India. We investigate the causal effect of an increase in BMI on the likelihood of suffering from diabetes using an individual level nationally representative data set for India. The novel contribution of the study is that it addresses potential endogeneity arising from the unobserved genetic and other related factors while estimating the effect of BMI on diabetes. BMI of an individual is likely to be correlated with the omitted determinants of his/her diabetes status. These omitted variables could be related to the individual's genetic and non-genetic predisposition towards overweight and obesity as well as diabetes. We address this issue by using an instrumental variable approach and instrument BMI of the individual by BMI of a non-biologically related household member. The BMI of a non-biologically related household member is correlated with the common household environment but there is no reason to believe that it will systematically affect the individual's predisposition towards diabetes. We also control for several covariates on individual characteristics, household characteristics and behavioural risk factors such as tobacco and alcohol consumption, eating habits, etc. We extract individual level data from the fourth round of NFHS for the year 2015-16. NFHS is a nationally representative data set.
We are interested in estimating the change in the probability of being diabetic with a unit gain in BMI, and comparing this effect across non-overweight and overweight or obese population. For this comparison, we apply both WHO International BMI classification, which defines an individual having BMI � 25 kg/m 2 as overweight or obese, and WHO Asian BMI classification, which defines an individual having BMI � 23 kg/m 2 as overweight or obese. One may expect the urban population and the population belonging to the higher wealth quintiles to face a higher risk of diabetes due to the lifestyle related factors and increased access to calorie dense foods across different subpopulations. Reviewing the available literature, Olinto et al. [22] find that socioeconomic status in terms of higher income and wealth are associated with higher obesity among men. The socioeconomic status and urban lifestyle factors may affect diabetes status through higher BMI levels, therefore, we also examine the heterogeneity in the effect of BMI on diabetes across different subgroups of the population based on gender (male and female), regions (rural and urban) and wealth quintiles (poorest and richest). Based on the discussion above, we test the following hypotheses:
Hypothesis 1: An increase in BMI increases the risk of diabetes and prediabetes. Hypothesis 2: This risk is higher for overweight and obese population, i.e., with an increase in BMI, the likelihood of being diabetic and prediabetic increases more for an overweight or an obese individual as compared to a non-overweight individual.
Hypothesis 3:
With an increase in BMI, population belonging to the higher wealth quintiles is more likely to be prediabetic and diabetic as compared to the population among lower wealth quintiles.
Hypothesis 4:
With an increase in BMI, population living in the urban areas is more likely to be prediabetic and diabetic as compared to the population living in the rural areas.
Methods
IDF has identified physical inactivity, consumption of unhealthy foods and sedentary lifestyle as factors that influence diabetes. A rise in BMI of an individual caused by changes in any of these factors is likely to increase his/her susceptibility towards higher blood glucose levels) [23, 16] . It is possible that an increase in BMI raises an individual's blood glucose to the levels which are not high enough to be characterised as diabetic, but can be characterised as prediabetic (defined below). If adequate measures are not taken to control the rising blood glucose levels, the individual may subsequently become diabetic with a further rise in the blood glucose levels.
We use two alternative measures for our outcome variable, diabetes status of individuals,-selfreported diabetes status and blood glucose levels. Self-reported diabetes status takes value 1 if an individual is diabetic and 0 otherwise. For the second measure, we assign ordinal values to the blood glucose levels by dividing them into three mutually exclusive categories. The blood glucose level measures the amount or concentration of the glucose in a blood sample as milligrams per decilitre (mg/dl). Following the random glucose/sugar test, we have the following three categories for the blood glucose levels: i. Less than or equal to140 mg/dl corresponds to low or moderate blood glucose-Normal Blood Glucose Levels ii. Between 141 and 200 mg/dl corresponds to high blood glucose-Prediabetes iii. Greater than 200 mg/dl corresponds to very high blood glucose-Diabetes
In the ordinally defined blood glucose levels, we assign value 0 to normal blood glucose levels, 1 to prediabetes and 2 to diabetes. Our second measure enables us to quantify the effect of a rise in BMI on both diabetes as well as prediabetes.
While the ordinal measure tests all the hypotheses stated in the introductory section for both prediabetes and diabetes, the self-reported diabetes status measure tests these hypotheses for diabetes only. We test the third and fourth hypotheses for the full data sample as well as for a sub-sample comprising of overweight or obese population. These hypotheses are tested using both WHO International and WHO Asian classification of BMI to identify an individual as overweight or obese.
Our main explanatory variable of interest is the BMI of an individual. We control for a rich set of covariates both at the individual level as well as at household level that are likely to affect the risk of diabetes. In addition, we control for the state fixed effects. Individual characteristics include age, gender, educational attainment, behavioural risk factors and eating habits. Behavioural risk factors controlled for in our regressions include a comprehensive set of variables that measure tobacco consumption of an individual such as-smoking cigarette, smoking pipe, chewing tobacco, snuffing, smoking cigar, chewing paan, gutkha, paan with tobacco, etc., and alcohol consumption. These risks factors are likely to affect blood glucose levels and diabetes status of individuals. Available literature suggests that smoking elevates the risk of diabetes.
Smoking generates insulin resistance leading to the increased risk of diabetes [24, 8] . Moderate consumption of alcohol may reduce the risk of diabetes [10, 9] while binge drinking may increase this risk [9, 25] .
Eating habits are also an important factor affecting susceptibility to diabetes. We consider daily or weekly consumption of fried foods and aerated drinks to capture eating habits. These variables also indicate consumption preferences. Food habits such as consumption of aerated drinks, fast-foods, fried foods, etc., increases the risk of obesity and insulin resistance [26, 27, 28] . Gulati and Misra [29] find that an increase in per capita sugar consumption leads to development of insulin resistance, abdominal adiposity and risk of diabetes.
In addition to the above, we also control for household characteristics such as wealth quintile, family structure (nuclear or joint), region (rural or urban), religion, caste, availability of health insurance, whether the household belongs to below poverty line and other covariates (A complete list of variables is provided in the data section).
Although we control for a large number of covariates, we still expect unobserved genetic and other related factors to affect relationship between BMI and diabetes. Genetic factors may influence both BMI and diabetes status of an individual. An individual with a family history of diabetes is more likely to develop diabetes even without being overweight or obese [15, 30] . To address potential endogeneity due to unobserved genetic and other related factors in the form of Omitted Variable Bias (OVB), we resort to an Instrument Variable Approach. Endogeneity issue is elaborated later in this section.
Body Mass Index and self-reported diabetes status: Probit and IV-Probit model
We estimate a Probit model having self-reported diabetes status as the binary outcome variable. The following model, having D � i as the dependent variable, is estimated:
where,
( i = 1, 2, . . .., n, represents i th individual; D � i represents latent selection variable for self-reported diabetes status of i th individual and is unobserved; X i represents vector of controls including BMI for i th individual; v i represents error term and is assumed to be independent of X i and has a standard normal distribution.
We estimate a binary response model, in which a non-linear function, Fð:Þ, which is a standard normal cumulative distribution function in case of Probit model, is applied to the response function. For estimating binary or ordinal response models, Maximum Likelihood Estimation (MLE) is used. We first estimate the Probit model assuming that there are no unobserved factors that affect both BMI and self-reported diabetes status of an individual, that is, CovðX i ; n i Þ ¼ 0. We estimate the average marginal effects of BMI on self-reported diabetes status. We further examine if the change (or increase) in probability of being diabetic with a unit increase in BMI is higher among the overweight or obese individuals as compared to the nonoverweight individuals, i.e.,
Unobserved genetic and other related factors influence both diabetes as well as overweight or obesity status of an individual, thereby, causing endogeneity resulting from OVB. This could result into a biased estimate of β. Our sample data provides self-reported values for the diabetes status of individuals, introducing another source of endogeneity in the form of measurement error. Although in case of a large dataset, the measurement error in the dependent variable does not bias the estimates [31] . We resort to an instrumental variable estimation which addresses the endogeneity caused by both OVB and measurement error. We instrument BMI of an individual using BMI of a non-biologically related household member. Specifically, we use BMI of his/her spouse, BMI S , as an instrument. The instrument must fulfil the following two requirements [32] :
i. BMI of a non-biologically related household member, BMI of individual's spouse, must be uncorrelated with the unobserved factors that explain variations in the diabetes status of an
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individual, i.e., the instrument must be uncorrelated with the error term in Eq (1):
ii. Instrument must be correlated with the BMI of individual, in other words, instrument must be powerful:
Common household factors may affect BMI of all residing individuals in a similar way due to shared family or household environment [33, 34] . Studies have also documented the similarities in BMI movements among married couples [35, 36, 37] . Therefore, we expect the BMI of an individual and BMI of his/her spouse to be correlated.
For BMI of the spouse to be a valid instrument it should not have an independent effect on the diabetes status of the individual. BMI of an individual's spouse is likely to be uncorrelated with the unobserved genetic factors that affect the diabetes status of the individual. However, it is possible that the common household factors which affect BMI of the individual may also affect his diabetes status. Therefore, we control for several variables on the household characteristics in our model.
We estimate an IV-Probit model with the first stage equation as:
where, BMI i represents BMI of the i th individual; BMI s i represents BMI of i th individual's spouse, x i represents vector of controls that include all exogenous variables of the second stage regression, and η i is the error term that has a standard normal distribution, N(0,1).
The second stage regression includes predicted values of BMI obtained from estimation of Eq (6) in the place of the actual values of BMI as explanatory variable in Eq (1).
Body Mass Index and blood glucose levels: Ordered Probit model
Given that the second indicator of diabetes status is a categorical variable and has more than two ordered categories, we estimate an Ordered Probit Model [38, 39, 40] . Following the methodology described above with the dependent variable now being, BG � i :
Blood glucose levels (dependent variable) are sorted into 3 categories:
where BG i represents the observed blood glucose levels for i th individual. The μ j 's are threshold coefficients or cut-off points. Here, BG i ¼ j , m jÀ 1 < BG � i � m j ; j = 0, 1, 2 and, μ −1 = −1 and μ 2 = +1. We estimate the probability for an individual belonging to one of the j categories:
We estimate the above defined model using MLE. As per hypothesis 2, we expect that with a rise in BMI an overweight or obese individual is more likely to be diabetic and prediabetic. In other words, the increase in the probability of being diabetic and prediabetic with a unit increase in BMI is higher among the overweight or obese individuals as compared to the nonoverweight individuals:
Data
The study extracts individual level data from the fourth round of NFHS Recode and merged these files into one. Our analysis considers all 36 states and union territories of India. The list of variables included in the study along with their definitions is provided in S1 Table. In our sample, we include all the observations that report BMI, and either selfreported diabetes status or blood glucose levels. This gives us a total sample size of about 0.8 million observations. In the IV-Probit model, we limit our sample to the individuals who are married and are currently living in the same household. Since NFHS provides the relationship data for each individual in terms of their relationship to the head of the household, our sample further gets restricted to married couples living together in the same household one of whom is the head of the household.
Results

Descriptive statistics
S2 Table presents the descriptive statistics for the entire sample. The mean blood glucose level for the total sample is 104.7 mg/dl. About 1.5% of individuals in our sample are diabetic based on the self-reported diabetes status. This is lower than the estimates given by IDF (8.8% for year 2017). This could be due to various factors such as individuals not been aware of their diabetes status, differences in age groups considered for measuring the diabetes prevalence, and also the year of sample data. Our estimate is based on age group 15-49 years for females and 15-54 years for males while IDF estimate for diabetes is for 20-79 years age group. Diabetes prevalence is expected to increase with age. Based on blood glucose levels, 94% individuals have normal blood glucose, about 5% are prediabetic and about 1% are diabetic. Blood glucose levels of some diabetic individuals could be regulated via use of medicines. The mean BMI is 21.71 kg/m 2 indicating that on average population belongs to normal weight category. The average age in our sample is 30 years. About 86% individuals are females and 73% individuals are married. Table 1 presents the descriptive statistics grouped by overweight and obesity status. The mean difference across two groups with its statistical significance is also reported. Both average
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Does a rise in BMI cause an increased risk of diabetes? blood glucose levels (both actual and ordinal values) and average diabetes prevalence (selfreported) are higher among overweight or obese individuals as compared to the non-overweight individuals. Average diabetes prevalence (self-reported) is three times among the overweight or obese individuals as compared to the non-overweight individuals. Mean Blood glucose levels are 10 mg/dl higher among overweight or obese individuals. The mean BMI among non-overweight individuals is 20.25 kg/m 2 which is lower than the mean for the total sample (21.71 kg/m 2 ), and the mean BMI among overweight or obese individuals is 28.32 kg/ m 2 . The average age of sample which is overweight or obese is 6 years higher than the nonoverweight sample implying that the BMI tends to increase with age. Overweight or obese individuals' sample has higher averages for education, fried food and aerated drinks consumption, wealth quintile, and are more likely to be married and belong to urban regions as compared to the non-overweight individuals' sample. Also, overweight or obese individuals are less likely to belong to below poverty line households, scheduled caste and scheduled tribe. Fig 1 illustrates BMI distribution amongst the diabetic and the non-diabetic population (as per self-reported diabetes status) for the entire sample. The solid red line represents BMI distribution for the diabetic population while dash-dotted blue line represents it for the non-diabetic population. It can be clearly seen that the BMI distribution for diabetic population lies to the right of the distribution for the non-diabetic population indicating that the diabetic population is more likely to have higher BMI. While around 46% of the diabetic population has BMI greater than 25, this proportion is only 18% amongst non-diabetic. We find similar results when we plotted BMI distributions by different categories of blood glucose levels (S1 Fig) . Table 2 presents the average marginal effects of BMI on the self-reported diabetes status for the sample data that is restricted to married couples. Based on estimated Probit model, we compute the marginal effect of BMI on the self-reported diabetes status across overweight or obese, and non-overweight individuals. These marginal effects are reported for two classifications, for WHO International BMI classification in column (1) and for WHO Asian BMI classification in column (2) . Within each column the average marginal effects of BMI, i.e., the change in probability of being diabetic due to a unit rise in BMI @PðD¼1jXÞ @BMI À � is reported for overweight or obese individuals and non-overweight individuals along with the difference between the marginal effects across these two categories. Similarly, columns (3)-(4) report the results obtained from the IV-Probit model. In all the model specifications, we include the same set of controls so that the marginal effects can be compared across different BMI categories. We control for demographic and socio-economic variables for individual and household characteristics, behavioural risk factors, eating habits and state fixed effects. Wald chi2 test statistic for both Probit and IV-Probit models along with their P-values are reported. For IV-Probit model, we use Wald test of exogeneity to check endogeneity of BMI. The rejection of the null hypothesis indicates that BMI is endogenous. We also report R 2 and F statistic for the first stage regression of the IV-Probit model as an approximate guide for the quality of our instrument. All the estimates are found to be robust to the inclusion or exclusion of controls.
Effect of Body Mass Index on the self-reported diabetes status: Probit and IV-Probit model estimates
Comparing Probit and IV-Probit model in each column, we find that marginal effects of BMI on self-reported diabetes status for IV-Probit model are substantially higher than those for the corresponding Probit model indicating that correlation estimates highly underestimate the casual effect of BMI on diabetes.
Comparing the marginal effects across overweight or obese individuals and non-overweight individuals in columns (1) and (2) , based on Probit model, we find that the increase in the probability of being diabetic due to a unit rise in BMI is twice among overweight or obese individuals as compared to the non-overweight individuals. Whereas comparing the marginal effects across overweight or obese individuals and non-overweight individuals in columns (3) and (4), based on IV-Probit model, we find that the increase in the probability of being diabetic due to a unit rise in BMI is three times among overweight or obese individuals as compared to the non-overweight individuals. The marginal effect of BMI on the self-reported diabetes status for non-overweight individuals is 0.46% and for the overweight or obese individuals it is 1.48% for the IV-Probit model while the same figures for Probit model are 0.16% and 0.3%, respectively. We find that the marginal effects of BMI on the self-reported diabetes status differ significantly across non-overweight and overweight or obese individuals. We also estimated the Probit model for the full sample data. These results are reported in S3 Table. The presentation of results in done in a similar fashion as explained for Table 2 . Comparing the marginal effects across overweight or obese individuals and non-overweight individuals in columns (1) and (2), we find that the increase in the probability of being diabetic due to a unit rise in BMI is almost three times among overweight or obese individuals as compared to the non-overweight individuals. In column (1), the marginal effect of BMI on the selfreported diabetes status for non-overweight individuals is 0.08% and for the overweight or obese individuals it is 0.23%. Similar results are obtained by applying WHO Asian BMI classification, in column (2) .
We next examine if the marginal effects of an increase in BMI on the likelihood of being diabetic differ across genders-male and female, regions-urban and rural, and wealth 
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Does a rise in BMI cause an increased risk of diabetes? quintiles-poorest and richest. We do the analysis for the full sample comprising of married couples as well as for a sub-sample comprising of overweight or obese individuals within this set (having BMI � 25 kg/m 2 ). Table 3 presents the results obtained from Probit and IV-Probit model for the overweight and obese individuals sub-sample (within the restricted sample). The marginal effect of BMI on self-reported diabetes status is higher among men as compared to women in both specifications. However, the difference is not statistically significant. In both specifications, the increase in the likelihood of being diabetic with a unit increase in BMI in the urban population is about 1.3 times of the increase in the rural population. Also, the marginal effects in the richest wealth quintile are three times of those in the poorest wealth quintile in both the models (2.6 times � 3 times in IV model). The marginal effects across regions and wealth quintiles differ statistically significantly. Similar results are obtained for the full sample comprising of married couples including both overweight or obese, and non-overweight individuals (S4 Table) . The marginal effects are stronger for the sub-sample of overweight and obese individuals. 
Does a rise in BMI cause an increased risk of diabetes? Table 4 presents the average marginal effects of BMI on the ordinal blood glucose levels based on the Ordered Probit model estimation, i.e., the change in probability of belonging to a specific blood glucose category due to a unit rise in BMI @PðBG¼jjXÞ @BMI ; j ¼ 0; 1; 2 À � for the three blood glucose categories. We compute these effects across overweight or obese, and non-overweight individuals. While columns (1)-(3) report the marginal effects based on WHO International BMI classification, columns (4)-(6) report the results using WHO Asian BMI classification. Each column reports these marginal effects for the overweight or obese individuals, for the non-overweight individuals, and the difference across the two categories. Controls include the demographic and the socio-economic variables for individual and household characteristics, behavioural risk factors, eating habits and state fixed effects. We also control for the time since the individual last ate and drank (in hours) since these variables are expected to influence individual's blood glucose levels [42] . In the estimated model, the threshold coefficients, μ 0 and μ 1 , are found to be positive, and μ 0 < μ 1 . All the estimates are found to be robust to the inclusion or exclusion of controls. 
Effect of Body Mass Index on the blood glucose levels: Ordered Probit model estimates
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Comparing marginal effects across overweight or obese and non-overweight individuals reported in column (2), we find that the increase in the probability of being prediabetic due to a unit rise in BMI is almost twice among overweight or obese individuals as compared to the non-overweight individuals. The marginal effect of BMI on prediabetes for non-overweight individuals is 0.27% and for the overweight or obese individuals it is 0.48%. In column (3), the marginal effect of BMI on diabetes is 0.07% among non-overweight individuals which is 0.2% (about three times) among overweight or obese individuals. Similar results are obtained by applying WHO Asian BMI classification, in columns (5) and (6) . The differences in the marginal effects are highly statistically significant.
Analogous to Tables 3 and 5 presents the results for the marginal effects of an increase in BMI on the ordinal blood glucose levels across genders, regions, and wealth quintiles for the overweight and obese individuals' sub-sample. With a unit increase in BMI, men are at a marginally higher risk of being both prediabetic (0.5%) and diabetic (0.3%) as compared to women (0.4% and 0.2% respectively). The marginal effects are moderately higher in the urban regions as compared to the rural regions. The individuals from the richest wealth quintile are 1.5 times more likely to be diabetic, and 1.2 times more likely to be prediabetic as compared to the poorest wealth quintile with a unit rise in BMI. The marginal effects across genders, regions and wealth quintiles differ statistically significantly. Similar results are obtained for the full sample (S5 Table) . Again, the effects are stronger for the sub-sample of overweight and obese individuals. 
Discussion
The study finds that an increase in BMI increases the risk of diabetes as well as prediabetes. Further this risk is higher amongst the overweight or obese individuals as compared to the non-overweight individuals. These results are in line with the studies by Sepp et al. [16] and Huffman et al. [4] which show that a rise in BMI is positively associated with the blood glucose levels and diabetes. The results obtained from our study are consistent across both WHO International, and Asian BMI classifications for defining overweight and obesity status of the population. The change in probability of being prediabetic or diabetic with an additional unit gain in BMI is positive even for non-overweight individuals suggesting that weight gain increases the risk of diabetes regardless of individual being overweight or not. However, the level of risk varies with weight of an individual. The results are qualitatively similar for the two measures of diabetes, self-reported diabetes status and ordinal measure. To examine how do the marginal effects vary across different subgroups with age and BMI, we plot the average marginal effects of BMI on diabetes. Fig 2 illustrates the graphical plot of the average marginal effects of BMI on self-reported diabetes status based on the Probit model estimates for the full sample data. We plot the average marginal effect of BMI on self-reported diabetes status for different values of age and BMI, and compare it across different subgroupsoverweight or obese and non-overweight; male and female; and rural and urban. We find that the average marginal effect of BMI on self-reported diabetes status is considerably higher among overweight or obese individuals as compared to the non-overweight individuals. We do not witness any considerable difference in these marginal effects across gender. Also, the average marginal effects are higher for the urban population as compared to the rural population. It may be noted that the average marginal effect of BMI on self-reported diabetes status increases with both age and BMI across all subgroups.
Unlike other NCDs which mainly affect older age group population, diabetes affects younger age group population as well [5, 4] . In India, 50.7% of the people who died from diabetes in 2017, died before the age of 60 years [43] . Diabetes also elevates the risk of other NCDs such as cardiovascular diseases, strokes, etc., and reduces health adjusted life expectancy [15, 19] . The treatment of diabetes is expensive and is expected to impose an economic burden in the form of large increases in health care costs [44, 45, 46] . Since diabetes adversely affects health in many ways and has huge monetary burden associated with it, it is important to identify potential factors that have contributed to the rise in diabetes in India. Our study has identified overweight and obesity to be an important factor that has contributed to the increase in diabetes prevalence in India. The results suggest that to arrest the rising diabetes prevalence in India policy interventions that focus on reducing obesity levels would be helpful. Policies such as awareness campaigns, nutrition labelling on food products, restrictions on sale of aerated or high-sugar drinks, etc., may be effective in addressing the problem of obesity and diabetes prevalence in India.
A limitation of the study is we had to limit the sample data to married couples living in the same household of whom either is the head of the family for the IV-Probit specification as we use BMI of the spouse as an instrument. This restricts the generalisation of the results obtained from IV-Probit specification to married couples only. However, our correlation estimates can be generalised for the population at large in India. The other limitation is that we have cross section data. A panel or longitudinal data set could allow us to control for time-invariant individual fixed effects, and facilitate better understanding of how the effects of rising BMI on the likelihood of diabetes change overtime.
Conclusion
Recognising the recently growing problem of overnutrition and diabetes in India, the study quantifies the causal effect of overweight and obesity on diabetes in India. The novel contribution of the study is that it addresses potential endogeneity problem while estimating the effect of BMI on diabetes. To the best of our knowledge this is the first study that addresses the role played by unobserved genetic and other related factors in the relationship between BMI and diabetes using an instrumental variable approach in the Indian context.
Considering two different health outcome variables-self-reported diabetes status and ordinal blood glucose levels, we examine the change in the likelihood of being diabetic and prediabetic with a rise in BMI across different subgroups of the population. We estimate IV-Probit, Probit and Ordered Probit models. We find that the marginal effect of BMI on diabetes is positive and statistically significant. Also, these effects are found to be much higher for the overweight or obese individuals as compared to the non-overweight individuals. Correlation estimates highly understate the causal impact of the rise in BMI on diabetes. Heterogeneity analysis across different subgroups of the population suggests that among the overweight and obese individuals, men, population living in the urban areas and population belonging to the richest wealth quintile face a higher risk of being diabetic and prediabetic as compared to 
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Does a rise in BMI cause an increased risk of diabetes? women, population living in the rural areas, and population belonging to the poorest wealth quintile, respectively. Nonetheless, populations living in rural areas and belonging to lower wealth quintiles also face the risk of both diabetes and prediabetes.
Our findings have significant implications for the policy formulation as diabetes has a substantial health and economic burden associated with it. The cost burden associated with diabetes may have severe adverse impact on the households in India as more than 60% of the total health expenditure is financed by households privately in the form of out of pocket health expenditures (National Health Accounts (NHA)) [47] . It is concerning to note that contrary to the popular belief, risk of diabetes with an increase in BMI is not only restricted to urban areas but also in rural areas and is no longer a disease of the rich. Our results indicate that population belonging to the poorest wealth quintiles also face a substantial risk of diabetes. Diabetes among poor households may have catastrophic implications and lead to extreme impoverishment. Therefore, there is an urgent need to have policies that address rising overweight and obesity prevalence in India.
Future research may examine the effects of overnutrition on other NCDs such as cardiovascular diseases, hypertension, etc. Researchers may also quantify the health care burden associated with diabetes. 
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